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Sales of hunting licenses have fallen in the past decades. To seek the means to maintain or 
increase current hunter numbers, state agencies need to understand their existing market base 
before developing strategies to boost sales. This can be achieved by exploring the characteristics 
of the hunting population and factors influencing hunting license sales. Recent studies have 
examined these factors influencing hunting license sales at an aggregated scale. These studies 
helped to understand not only the influence of these factors, but also the environment in which 
individual indicators are embedded. This study used a similar approach, but with more factors 
and different models. The study area was the state of Illinois. The study consisted of three parts. 
The first created a regression model for the entire state. Different socioeconomic and biophysical 
factors were included in the model. Model was transformed to reduce heteroscedasticity and non-
normality. Stepwise regression was applied to the transformed model to select variables. The 
second part addressed the differences between rural and urban areas in Illinois, using the same 
methods as in the first part. The third part considered spatial dependency of the model residuals, 
using the Moran test and Lagrange Multiplier test for diagnosis. Global models (spatial lag 
model, spatial error model, and hierarchical linear model [HLM]) and a local model 
(geographically weighted regression [GWR]) were applied to deal with spatial autocorrelation of 
the residuals. The first part found that accessibility to hunting resources, economic status, age 
structure, education, race and ethnicity, and competition with general recreation influenced 
Illinois hunting license sales. The second part found that the significant factors for the entire 
state, rural areas, and urban areas were different. The influence of the eight variables was robust 
over different models. The third part found spatial dependency in the residuals of the model used 
in the first part. Spatial regression (spatial lag and spatial error models), HLM, and GWR were 
applied to reduce spatial dependency. GWR had the best fit of all the models considered. Spatial 
lag regression had the best fit of all the global models. The spatial lag regression model excluded 
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CHAPTER 1 INTRODUCTION AND LITERATURE REVIEW 
Introduction 
The sale of hunting licenses is an important source of revenue for natural resources management 
agencies. The revenues from the sales are used not only for maintaining habitats and populations 
of game species for consumptive recreation, but also for conservation of non-game wildlife and 
habitats on which they depend (Lueck, 2000; Mahoney, 2009). Participation in hunting and sales 
of hunting licenses have fallen during the past decades, and state agencies are searching for 
means to maintain or increase current hunter numbers (Price Tack, McGowan, Ditchkoff, Morse, 
& Robinson, 2018; U.S. Fish and Wildlife Service, 2018). In 1990, there were 15,797,290 paid 
hunting license holders in the United States, amounting to 6.35% of the country’s population. 
This number declined to 15,044,324 (5.35% of the total population) in 2000, although the total 
population saw an increase. By 2010, the number of U.S. license holders had reached a nadir, 
with only 14,448,040 individuals (4.67% of the total population). After 2010, the number of 
hunters showed a tendency to increase with the increasing U.S. population, although there was a 
short-term decrease in 2012–2014, with the percentage of license holders fluctuating between 
4.58% and 4.81% (U.S. Census Bureau, n.d.-a, n.d.-b; U.S. Fish and Wildlife Service, n.d.). 
Compared to 20–30 years ago, there has been an obvious declining trend in hunting license sales. 
However, the percentage of license holders became relatively stable after 2014.  
For agencies to increase sales of hunting licenses, it is necessary to understand the issues that 





Factors influencing hunting license sales 
Previous studies have shown a number of factors with a potential influence on participation in 
hunting, including hunting resources and various socioeconomic and demographic factors. 
Similar to other recreational activities, accessibility to hunting resources is one of the most 
important constraints to hunting. On the one hand, accessibility is determined by natural factors 
such as the biophysical environment (e.g., the extent of the hunting region and distribution of 
game species). On the other hand, accessibility is different for different socioeconomic groups 
(Estabrooks, Lee, & Gyurcsik, 2003; Lee, Cubbin, & Winkleby, 2007; Miller & Vaske, 2003; 
Moore, Roux, Evenson, McGinn, & Brines, 2008; Powell, Slater, Chaloupka, & Harper, 2006; 
Wilson, Kirtland, Ainsworth, & Addy, 2004). For example, hunting sites are more available to 
people with their own vehicles than for those without. Studies have shown that the accessibility 
of public hunting sites and the distances that need to be traveled for hunting may constrain some 
participants from taking part in activities (Mehmood, Zhang, & Armstrong, 2003; Tsachalidis & 
Hadjisterkotis, 2008). Moreover, people tend to budget their recreation based on income, which 
varies widely across the population. Specifically, given that a license must be purchased to 
legally participate in hunting, its cost and other associated costs may constitute a barrier to 
participation.  
Other constraints to participation in hunting include work commitments, lack of a hunting 
partner, and competing entertainments. Certain socioeconomic variables (e.g., income, age, or 
family status) may also be barriers, especially for potential recreation participants (Kennedy, 
1974; Searle & Jackson, 1985). In general, people intend maximizing their experiences given 
limited resources (time, money, etc.; Cawley, 2004). Decisions regarding resource allocation 
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determine the degree of recreation participation, and are largely influenced by socioeconomic 
status. An empirical study at the state level was carried out by Robison and Ridenour (2012) to 
test the influence of indoor electronic entertainment on the decline of hunting participation. A 
later study (Karns, Bruskotter, & Gates, 2015) explored not only the effect of electronic 
entertainment but also the impact of other social and demographic factors on hunting 
participation and found some associations at the county level.  
Cultural factors may also directly influence participation in hunting. An interest in hunting is 
often initiated through personal relationships with family members or close friends (usually the 
father or another leading male figure) who construct the social and cultural environment of one’s 
youth. Moreover, as recreation interests are largely established by the age of 30, older people 
tend to become less interested in learning how to hunt (Tsachalidis & Hadjisterkotis, 2008).  
In addition, demographic variables such as gender, age, and education all determine trends in 
hunting participation. Males hunt much more than females, although female hunters are the 
fastest growing segment of the hunting population (Bissell et al., 1998; Duda et al., 1996; U.S. 
Fish and Wildlife Service, 2011, 2018). The participation rate tends to increase with age until 65 
years. In 2016, the age group with the highest number of hunters was the 55–64-year group (24% 
of all hunters; U.S. Fish and Wildlife Service, 2018). 
People with higher education qualifications tend to hunt less. Nielsen and Meilby (2013) 
compared the characteristics of hunters and non-hunters, and found that hunters tended to have a 
lower level of education. People with lower educational qualifications were more concerned with 
hunting as a means of obtaining food sources high in protein, and thus had greater motivation to 
hunt (Mfunda & Røskaft, 2010). A more recent study (Castilho, De Vleeschouwer, Milner-
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Gulland, & Schiavetti, 2019) explored the relationship between different levels of education and 
participation in hunting. The results showed that people with only primary education tended to 
hunt the most, and people with high-school/college education were the least likely to hunt. 
The hunting participation rate in urban areas, especially in the Metropolitan Statistical Areas 
(MSAs, a grouping of one or more counties or equivalent entities that contain at least one 
urbanized area of 50,000 or more inhabitants) is much lower than in non-MSAs. The smaller the 
MSA, the higher the participation rate. However, due to the large populations in MSAs, the 
absolute number of hunters in these areas is much higher than in non-MSAs. In 2016, there were 
over 8.9 million hunters living in MSAs, and only 2.6 million living in non-MSAs (U.S. Fish and 
Wildlife Service, 2018). 
Race and ethnicity, which are also important factors that can significantly limit the purchase of 
licenses (U.S. Fish and Wildlife Service, 2011), have been shown to supersede other 
socioeconomic factors (e.g., gender, education, etc.; Floyd & Lee, 2002) as predictors. The 
growth rate of Hispanic and African American populations is higher than that of other U.S. 
populations. However, their participation in hunting is far below the national average. There 
were 303,000 African American hunters in 1996, but by 2006 the number had fallen to less than 
200,000. This decrease is statistically significant. Hispanic American hunters numbered 335,000 
in 1996, and had increased to 424,000 by 2006, although this increase is not statistically 
significant. Moreover, the hunting license purchase rate was lower for hunters from minority 
communities. In 2006, 80% of all hunters purchased at least one hunting license, and 71% of 
Hispanic hunters and 64% of African American hunters purchased one or more hunting licenses 
(U.S. Fish and Wildlife Service, 2011). 
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Socioeconomic status may also influence hunting participation in indirect ways. First, it 
influences people’s psychosocial situation, which may explain variability in leisure-time physical 
activity (Lindström, Hanson, & Östergren, 2001). Differences in self-efficacy and social support 
may lead to differences in physical activity between groups (Cerin & Leslie, 2008; Ståhl et al., 
2001). Second, the socioeconomic environment is usually positively correlated with 
neighborhood safety and negatively correlated with the crime rate. A safer neighborhood with 
low levels of crime promotes greater participation by residents in recreational activities, 
including hunting (Wilson et al., 2004). 
Modeling the influence of factors discussed above helps to understand how they influence sales 
of hunting licenses. Past research has focused on relationships between socioeconomic/cultural 
factors and hunting participation (Bissell et al., 1998; Duda et al., 1996; Floyd & Lee, 2002; 
Mehmood et al., 2003; Tsachalidis & Hadjisterkotis, 2008). However, most of these studies were 
based on survey data and conducted at the scale of the individual. Recent studies have examined 
the relationship at an aggregated scale (Karns et al., 2015; Robison & Ridenour, 2012), and have 
increased our understanding of both the influence of these factors and the environment within 
which individual indicators are embedded.  
To conclude, based on previous studies, potential factors influencing hunting license sales 
include accessibility to hunting resources (Mehmood et al., 2003; Tsachalidis & Hadjisterkotis, 
2008), economic status (Estabrooks et al., 2003; Lee et al., 2007; Miller & Vaske, 2003; Moore 
et al., 2008; Powell et al., 2006), age (U.S. Fish and Wildlife Service, 2018), gender (Bissell et 
al., 1998; Duda et al., 1996; U.S. Fish and Wildlife Service, 2011, 2018), education (Castilho et 
al., 2019; Mfunda & Røskaft, 2010; Nielsen & Meilby, 2013), race and ethnicity (Floyd & Lee, 
2002), urbanization (U.S. Fish and Wildlife Service, 2018), and competition with other 
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entertainment (Karns et al., 2015; Robinson, Lloyd, & McKinley, 2013).. Related variables for 
these factors would be included in the models of this study.  
Difference between rural and urban regions 
As an extension of Chapter 2, Chapter 3 also focuses on the entire state of Illinois. The definition 
of rural and urban used in this analysis was that of the Federal Office of Rural Health Policy 
(FORHP). At the county level, FORHP uses the definition of Metropolitan Areas from the Office 
of Management and Budget (OMB). According to their definition, counties with one or more 
urbanized areas are considered core counties. Both the core counties and the outlying counties 
economically tied to them are defined as urban counties. The other counties are rural. In Illinois, 
there are 62 rural counties and 40 urban counties. All the census tracts in rural counties were 
defined as rural. In urban counties, there are census tracts not closely connected to the urbanized 
areas. Taking this distinction into consideration, FORHP developed the Rural-Urban Commuting 
Area Codes (RUCAs) to designate rural census tracts in urban counties (USDA Economic 
Research Service, 2016). Considering both the tracts in rural counties and the RUCAs, there are 
489 rural census tracts and 2632 urban census tracts in Illinois. 
As discussed above, the hunting participation rate in urban decreases with the size of the city. 
However, due to the large population in urban areas, the number of urban hunters is much higher 
than the number of rural hunters. In general, a higher percentage of rural residents tend to hunt 
than urban residents (Hendee, 1969; Stedman & Heberlein, 2001; U.S. Fish and Wildlife Service, 
2018). The predominance of hunting among rural residents can be explained by specific factors.  
The first factor is related to opportunity or availability. Access to hunting sites was the greatest 
constraint identified by hunters in Illinois (Miller & Vaske, 2003). Rural areas usually have low 
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population density and more wildlife habitat, and this combination offers more hunting 
opportunities to local residents (Hendee, 1969). Moreover, rural residents often start to hunt 
earlier and have more experience than residents in urban areas (Langenau Jr & Mellon, 1980). 
Such early experiences increase the probability for rural people becoming regular hunters. In 
contrast, urban residents have greater access to indoor entertainment, especially electronic 
entertainment (Karns et al., 2015; Robison & Ridenour, 2012), which decreases the opportunities 
to hunt or engage in other outdoor recreation.  
The second explanation is about culture and attitude. Culturally, hunting is considered as “a way 
of life” in rural areas. Stedman and Heberlein (2001) found that even without a hunting father, 
rural males were more likely to hunt than urban males. At the same time, urban residents tend to 
have higher hunting ethics scale (Langenau Jr & Mellon, 1980), whereas rural residents are 
generally more supportive of traditional forms of wildlife management (e.g., hunting) (Teel, 
Krannich, & Schmidt, 2002). 
Given the differences between rural and urban residents, it is reasonable to assume that different 
models should be selected for these regions. 
Detect and exclude spatial dependency of model residuals 
An important assumption of the Ordinary Least Squares (OLS) residuals is independence.  OLS 
residuals must be independent of each other for an unbiased estimate of the model. The dataset 
used for this research is the census tract data and hunting license sales data for aggregated spatial 
units. However, according to Tobler's first law of geography (Tobler, 1970), these data are 




➢ Spatial Weights  
To discuss spatial dependency, spatial weights are necessary to measure the spatial relationships 
between the locations of census tracts. In this study, queen contiguity based on first-order 
neighbor weights was used. In the queen contiguity matrix, the element wij measures the spatial 
connection between census tract i and census tract j. If wij = 1, the two census tracts share at least 
one point on their boundary. Conversely, if wij = 0, the two census tracts do not share points 
(Kemp, 2007; Suryowati, Bekti, & Faradila, 2018).  
Considering the variation in size and shape of census tracts, each census tract has a different 
number of neighbors compared to other tracts. The weight matrix is row standardized to reduce 
the influence of unequal numbers of neighbors. Row standardization divides each neighbor's 
weight for a census tract i by the sum of all neighbor weights for that census tract to create 
proportional weights as shown in equation 1 (Kemp, 2007; Suryowati et al., 2018). The row 
standardized weight matrix was used for all the following spatial tests (Moran test and Lagrange 







                                                                 (1.1). 
➢ Moran test 
To test spatial autocorrelation, a commonly used method is Moran’s I test (Moran, 1950), which 
uses Moran’s I value to measure the global spatial autocorrelation. Recent studies have applied 
Moran’s I in different fields (Dubé & Legros, 2013; Jones et al., 2008; Xiong, Bingham, Braun, 
& Hu, 2018). Some have applied Moran’s I to detect autocorrelation in the residuals of 
regressions (Helbich, Leitner, & Kapusta, 2012; Lesch & Corwin, 2008; Lin & Zhang, 2007; 
Martell & Sun, 2008). The Moran statistic (standard deviate of Moran's I), p-value, and estimate 
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of Moran’s I value were reported. If the p-value is less than 0.01, there is significant spatial 
autocorrelation in the residuals of the models, indicating violation of the assumption of 
independence of the residuals); therefore, the model needs improvement. Under these 
circumstances, if Moran’s I is greater than 0, there is positive spatial autocorrelation; if it is less 
than 0, there is negative spatial autocorrelation (Jones et al., 2008; Moran, 1950; Xiong et al., 
2018).  
➢ Lagrange Multiplier Test and spatial regression 
Although the Moran test can detect the existence of spatial autocorrelation in residuals, it does 
not suggest how to improve the model. In spatial econometrics, researchers have applied the 
Lagrange Multiplier test (Anselin, 1988; Anselin, Bera, Florax, & Yoon, 1996) to diagnose 
spatial dependency and determine what type of spatial regression model should be used. The 
Lagrange Multiplier test helps to choose an appropriate spatial regression model: either a spatial 
lag model or spatial error model. Spatial lag models consider the spatial autocorrelation of the 
dependent variable, whereas spatial error models take into account the spatial autocorrelation of 
the error terms (Seffrin, Araújo, & Bazzi, 2018; Song, Du, Feng, & Guo, 2014). Recent 
applications of the Lagrange Multiplier test and spatial regression models are seen in a variety of 
disciplines, such as health (Helbich et al., 2012; Rocha-Brischiliari et al., 2018), forestry (Martell 
& Sun, 2008), agriculture (Seffrin et al., 2018; H. Zhang et al., 2014), and environmental science 
(Fang, Liu, Li, Sun, & Miao, 2015). 
Both the spatial lag model and the spatial error model add a spatial term to the OLS model. The 
equation for OLS can be expressed as 
y = Xβ + ε, ε~N(0, δ2)                                                        (1.2), 
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where y is an (n × 1) vector of the dependent variable (n = number of observations), X is an (n × 
k) matrix of the independent variables (k = number of independent variables), β is a (k × 1) 
vector of parameters, and ε is an (n × 1) vector of normally distributed errors. 
If spatial dependency of the dependent variable (y) is diagnosed, the spatial lag model is suitable. 
The model can be expressed as  
y = ρWy + Xβ + ε, ε~N(0, δ2)                                            (1.3), 
where ρ is the auto-regressive parameter, and W is an (n × n) spatial-weight/neighborhood 
connectivity matrix, which is used to calculate the weighted average of neighboring value (Fang 
et al., 2015).  
If spatial dependency of the error term is diagnosed, the spatial error model is suitable. The 
model can be expressed as 
y = Xβ + λWμ + ε, ε~N(0, δ2)                                                 (1.4), 
where µ is an (n × 1) vector of residuals and λ is the spatial autocorrelation parameter (Fang et 
al., 2015). 
To diagnose which spatial model fitted the data better, the Lagrange Multiplier test was applied 
to the residuals of the final OLS model by the lm.LMtests function in the spdep in R (R. S. 
Bivand, Pebesma, & Gomez-Rubio, 2013). The Lagrange Multiplier test was intended to 
diagnose model misspecification due to spatial dependence and spatial heterogeneity. Four tests 
were conducted: Lagrange Multiplier lag (LMlag), Lagrange Multiplier error (LMerror), robust 
Lagrange Multiplier lag (RLMlag), and robust Lagrange Multiplier error (RLMerror). To 
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determine which spatial regression model should be used, the LMlag and LMerror tests were 
conducted first and the results were compared. If neither of the tests was significant, no spatial 
dependency was present, and there was no need for model improvement. If just one of them was 
significant, only one spatial model was applied: if just the LMlag test was significant, the spatial 
lag regression was applied, and if just the LMerror test was significant, the spatial error 
regression was applied. If both tests were significant, the second step was to compare the two 
robust tests. If just the RLMlag test was significant, the spatial lag regression was applied, and if 
just the RLMerror test was significant, the spatial error regression was applied. If both robust 
tests were significant, the model with the larger test statistic was chosen (Anselin, 1988; Anselin 
et al., 1996; Anselin & Rey, 1991; Seffrin et al., 2018). 
➢ Mixed model and HLM 
Another method that may help exclude spatial dependency is the use of a mixed model. The 
model is termed “mixed” because the stochastic component usually contains more than one error 
term (Lesch & Corwin, 2008). Specifically, a random effect at a local scale is added to the 
model, which will capture some of the spatial correlation in the OLS residuals, and thus make the 
model residuals less spatially correlated (Haskard, Cullis, & Verbyla, 2007; Lesch & Corwin, 
2008; Liu, Mavrin, Niu, & Kong, 2016; Torabi, 2016). This mixed model is also a hierarchical 
linear model (HLM) if the data are nested in the local scale.  
➢ Geographically Weighted Regression 
The methods discussed above are all global models, which treat the study area as a whole. The 
relationship between the dependent variable and independent variables is constant (stationarity) 
for the entire study region. Although the mixed model includes local random effects, there is 
only one estimate for each coefficient. However, the spatial autocorrelation may arise from the 
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non-stationarity of such a relationship. The geographically weighted regression (GWR) model 
has been introduced to solve the non-stationarity problem (Brunsdon, Fotheringham, & Charlton, 
1996; Helbich et al., 2012). As a local model, GWR calculates the different degrees of model fit 
and the local weighting of coefficients of predictors (Fang et al., 2015; Subedi, Zhang, & Zhen, 
2018; H. Zhang et al., 2014).  
In GWR, a local regression is fitted for each census tract using neighboring tracts within a given 
bandwidth (Fotheringham, Brunsdon, & Charlton, 2003). In GWR, a local regression was fitted 
for data location using neighboring tracts within a given bandwidth (Fotheringham et al., 2003). 
There are two kinds of bandwidth: fixed and adaptive. When using fix bandwidth, neighbors in a 
fixed distance will be included in the local regression. The adaptive bandwidth has a fixed 
number of neighbors included for the estimate of local models. The bandwidth is determined by 
minimizing the root mean square prediction error or AIC of the model (Guo, Ma, & Zhang, 
2008; Ispriyanti, Yasin, Warsito, Hoyyi, & Winarso, 2017; Kupfer & Farris, 2007; Robinson et 
al., 2013). 
Objectives 
Previous studies have found various factors influencing hunting license sales. Most of the studies 
were based on survey data at the individual level. Recent studies have investigated the influence 
of some factors on hunting license sales at aggregated levels. Their findings have helped to 
understand not only the influence of these factors, but also the environment in which individual 
indicators are embedded. It is necessary to conduct similar studies with a greater number of 
factors and different models. The present study attempts this with the objective of developing 
appropriate models to find the factors that influence hunting license sales by using aggregated 
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census-tract-level data for Illinois and to understand whether the factors differ between rural and 
urban areas.  
Three hypotheses were tested in this study: 
(1) Potential factors identified by previous studies would significantly influence Illinois hunting 
license sales. The influence of the factors should be similar at both the individual level and 
aggregated level. 
(2) Factors significantly influencing hunting license sales are different in the models for the 
entire state and models for rural and urban regions.  
(3) There is spatial dependency in the residuals of the linear model. The spatial dependency 
would be reduced by adding spatial terms to the model. 
Corresponding to the three hypotheses, three objectives were addressed in the next three 
chapters: 
(1) Create a linear model with appropriate transformation and variable selection to measure how 
the variables influence hunting license sales. 
(2) Create and compare linear models for rural and urban areas. 
(3) Based on the model in objective (1), test the spatial dependency of the residuals. If 
dependency is detected, apply spatial regression, hierarchical linear modeling (HLM), and 
geographically weighted regression (GWR), and the find the best model to reduce spatial 




CHAPTER 2 FACTORS INFLUENCING HUNTING LICENSE SALES IN ILLINOIS 
Introduction 
Sales of hunting licenses are important sources of revenue for natural resources management 
agencies. The revenues from the sales are used not only for maintaining habitats and populations 
of game species for consumptive recreation, but also for the conservation of non-game wildlife 
and habitats on which they depend (Lueck, 2000; Mahoney, 2009). Participation in hunting and 
sales of hunting licenses have fallen in the past decades, and state agencies are searching for 
means to maintain or increase current hunter numbers (Price Tack et al., 2018; U.S. Fish and 
Wildlife Service, 2018). In 1990, there were 15,797,290 paid hunting license holders in the 
United States, amounting to 6.35% of the country’s population. This number declined to 
15,044,324 (5.35% of the total U.S. population) in 2000, although the total population saw an 
increase. By 2010, the number of U.S. license holders had reached a nadir, with only 14,448,040 
individuals (4.67% of the total U.S. population). After 2010, the number of hunters showed a 
tendency to increase with the increasing U.S population, although there was a short-term 
decrease from 2012 to 2014, with the percentage of license holders fluctuating between 4.58% 
and 4.81% (U.S. Census Bureau, n.d.-a, n.d.-b; U.S. Fish and Wildlife Service, n.d.). Compared 
to 20–30 years ago, there has been an obvious declining trend in hunting license sales. However, 
the percentage of license holders became relatively stable after 2014. The trend in the sale of 
hunting licenses for Illinois largely mirrored that for the United States as a whole. However, in 
Illinois, there was greater fluctuation in the number of hunting license holders. The lowest 
number of license holders was in 2005, but the lowest percentage was in 2010 (Figure 2.1). 





Figure 2.1. The trend in hunting license sales since 1990 in the United States and the state of Illinois. 
It is important for agencies to understand their existing market base before developing strategies 
to increase sales. This can be achieved by exploring the characteristics of the hunting population 
and factors influencing hunting license sales. Previous studies have shown a number of factors 
with a potential influence on participation in hunting, including hunting resources and various 
socioeconomic and demographic factors.  
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Similar to other recreational activities, accessibility to hunting resources is one of the most 
important constraints to hunting. On the one hand, accessibility is determined by natural factors 
such as the biophysical environment (e.g., the extent of the hunting region and distribution of 
game species). On the other hand, accessibility is different for different socioeconomic groups 
(Estabrooks et al., 2003; Lee et al., 2007; Miller & Vaske, 2003; Moore et al., 2008; Powell et 
al., 2006; Wilson et al., 2004). For example, hunting sites are more available to people with their 
own vehicles than for those without. Studies have shown that the accessibility of public hunting 
sites and the distances that need to be traveled for hunting may constrain some participants from 
taking part in activities (Mehmood et al., 2003; Tsachalidis & Hadjisterkotis, 2008). Moreover, 
people tend to budget their recreation based on income, which varies widely across the 
population. Specifically, given that a license must be purchased to legally participate in hunting, 
its cost and other associated costs may constitute a barrier to participation.  
Other constraints to participation in hunting include work commitments, lack of a hunting 
partner, and competing entertainments. Certain socioeconomic variables (e.g., income, age, or 
family status) may also be barriers, especially for potential recreation participants (Kennedy, 
1974; Searle & Jackson, 1985). In general, people intend maximizing their experiences given 
limited resources (time, money, etc.; Cawley, 2004). Decisions regarding resource allocation 
determine the degree of recreation participation, and are largely influenced by socioeconomic 
status. An empirical study at the state level was carried out by Robison and Ridenour (2012) to 
test the influence of indoor electronic entertainment on the decline of hunting participation. A 
later study (Karns et al., 2015) explored not only the effect of electronic entertainment but also 
the impact of other social and demographic factors on hunting participation and found some 
associations at the county level.  
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Cultural factors may also directly influence participation in hunting. An interest in hunting is 
often initiated through personal relationships with family members or close friends (usually the 
father or another leading male figure) who construct the social and cultural environment of one’s 
youth. Moreover, as recreation interests are largely established by the age of 30, older people 
tend to become less interested in learning how to hunt (Tsachalidis & Hadjisterkotis, 2008).  
In addition, demographic variables such as gender, age, and education all determine trends in 
hunting participation. Males hunt much more than females, although female hunters are the 
fastest growing segment of the hunting population (Bissell et al., 1998; Duda et al., 1996; U.S. 
Fish and Wildlife Service, 2011, 2018). The participation rate tends to increase with age until 65 
years. In 2016, the age group with the highest number of hunters was the 55–64-year group (24% 
of all hunters; U.S. Fish and Wildlife Service, 2018). 
People with higher education qualifications tend to hunt less. Nielsen and Meilby (2013) 
compared the characteristics of hunters and non-hunters, and found that hunters tended to have a 
lower level of education. People with lower educational qualifications were more concerned with 
hunting as a means of obtaining food sources high in protein, and thus had greater motivation to 
hunt (Mfunda & Røskaft, 2010). A more recent study (Castilho et al., 2019) explored the 
relationship between different levels of education and participation in hunting. The results 
showed that people with only primary education tended to hunt the most, and people with high-
school/college education were the least likely to hunt. 
The hunting participation rate in urban areas, especially in the Metropolitan Statistical Areas 
(MSAs, a grouping of one or more counties or equivalent entities that contain at least one 
urbanized area of 50,000 or more inhabitants) is much lower than in non-MSAs. The smaller the 
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MSA, the higher the participation rate. However, due to the large populations in MSAs, the 
absolute number of hunters in these areas is much higher than in non-MSAs. In 2016, there were 
over 8.9 million hunters living in MSAs, and only 2.6 million living in non-MSAs (U.S. Fish and 
Wildlife Service, 2018). 
Race and ethnicity, which are also important factors that can significantly limit the purchase of 
licenses (U.S. Fish and Wildlife Service, 2011), have been shown to supersede other 
socioeconomic factors (e.g., gender, education, etc.; Floyd & Lee, 2002) as predictors. The 
growth rate of Hispanic and African American populations is higher than that of other U.S. 
populations. However, their participation in hunting is far below the national average. There 
were 303,000 African American hunters in 1996, but by 2006 the number had fallen to less than 
200,000. This decrease is statistically significant. Hispanic American hunters numbered 335,000 
in 1996, and had increased to 424,000 by 2006, although this increase is not statistically 
significant. Moreover, the hunting license purchase rate was lower for hunters from minority 
communities. In 2006, 80% of all hunters purchased at least one hunting license, and 71% of 
Hispanic hunters and 64% of African American hunters purchased one or more hunting licenses 
(U.S. Fish and Wildlife Service, 2011). 
Socioeconomic status may also influence hunting participation in indirect ways. First, it 
influences people’s psychosocial situation, which may explain variability in leisure-time physical 
activity (Lindström et al., 2001). Differences in self-efficacy and social support may lead to 
differences in physical activity between groups (Cerin & Leslie, 2008; Ståhl et al., 2001). 
Second, the socioeconomic environment is usually positively correlated with neighborhood 
safety and negatively correlated with the crime rate. A safer neighborhood with low levels of 
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crime promotes greater participation by residents in recreational activities, including hunting 
(Wilson et al., 2004). 
Modeling the influence of factors discussed above helps to understand how they influence sales 
of hunting licenses. Past research has focused on relationships between socioeconomic/cultural 
factors and hunting participation (Bissell et al., 1998; Duda et al., 1996; Floyd & Lee, 2002; 
Mehmood et al., 2003; Tsachalidis & Hadjisterkotis, 2008). However, most of these studies were 
based on survey data and conducted at the scale of the individual. Recent studies have examined 
the relationship at an aggregated scale (Karns et al., 2015; Robison & Ridenour, 2012), and have 
increased our understanding of both the influence of these factors and the environment within 
which individual indicators are embedded.  
A preliminary study by Zhang & Miller (2019) explored the relationship between some 
socioeconomic factors and hunting license sales in Cook County, Illinois. Using principal 
component analysis, three principal components (socioeconomic status, number of vehicles per 
household, and age structure) were extracted from the socioeconomic factors. This chapter 
provides an extension of that study. By including more variables, the current study focuses on 
the influence of each variable, instead of the combined components, and extends the study area 
to the entire state of Illinois. It helps to explain how each factor affects hunting license sales, and 
detects influential factors and target populations to promote hunting license sales. 
Methods 
Creating the dataset  
The study area was the state of Illinois and the individual census tract serves as the spatial scale. 
According to the 2010 U.S. census, there are 3123 census tracts in Illinois, two of which are 
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water only. Therefore, data for 3121 census tracts were used in this study. There were three 
sources for the data. The first source was the 2012 hunting license sales data from the Illinois 
Department of Natural Resources (IDNR). This was used to calculate the hunting license density. 
The address information was used for geocoding, and each license sale record was projected on a 
spatial map. Following the development of the map, all the records were aggregated at the 
census-tract level to obtain the number of license sales in each tract. The hunting license density 
was calculated by dividing the number of licenses by the population of each tract (the unit was 
per 1000 people). 
The second data source was the U.S. Census Bureau 2012 American Community Survey (ACS) 
5-year estimates. These data contributed most of the factors used in this study. Based on previous 
studies, potential factors influencing hunting license sales include accessibility to hunting 
resources (Mehmood et al., 2003; Tsachalidis & Hadjisterkotis, 2008), economic status 
(Estabrooks et al., 2003; Lee et al., 2007; Miller & Vaske, 2003; Moore et al., 2008; Powell et 
al., 2006), age (U.S. Fish and Wildlife Service, 2018), gender (Bissell et al., 1998; Duda et al., 
1996; U.S. Fish and Wildlife Service, 2011, 2018), education (Castilho et al., 2019; Mfunda & 
Røskaft, 2010; Nielsen & Meilby, 2013), race and ethnicity (Floyd & Lee, 2002), urbanization 
(U.S. Fish and Wildlife Service, 2018), and competition with other entertainment (Karns et al., 
2015; Robinson et al., 2013). The differences between rural and urban areas are discussed in 
Chapter 3. Related variables for these factors were selected from the U.S. Census data to 
represent these characteristics.  
Specifically, the percentage of people working in agriculture, forestry, fishing and hunting, and 
mining (AFFHM) was selected to represent the magnitude of the local hunting resources. 
Agriculture, forestry, fishing, and hunting are closely related industries, primarily involved in 
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growing crops, raising animals, harvesting timber, and harvesting fish and other animals from 
farms, ranches, or their natural habitats. All the activities depend on similar natural resources and 
environments (U.S. Bureau of Labor Statistics, 2019). Percentages of households with no 
vehicle, one vehicle, two vehicles, and three or more vehicles were selected to measure 
accessibility to hunting sites. Households with more vehicles were assumed to have greater 
accessibility. The number of vehicles may also reflect economic status. In addition, household 
median income (to be consistent with the magnitude of other variables, this variable was divided 
by 1000, and the unit was thousand dollars), poverty rate, and the unemployment rate were 
selected as measures of economic status. 
The old-age-dependency ratio (obtained by dividing the ≥ 65-year-old population by the 15–64-
year-old population and multiplying by 100), child-dependency ratio (obtained by dividing < 15-
year-old population by the 15–64-year-old population and multiplying by 100), and the median 
age were selected as measures of the age structure. The sex ratio was selected as a measure of the 
gender structure. The percentage of people with a bachelor’s degree or higher was selected as a 
measure of the education level. The percentages of non-Hispanic African Americans, Hispanic 
Americans, and Hispanic African Americans were selected to represent race and ethnicity since 
Hispanic Americans and African Americans have been recognized as underrepresented in the 
population of hunters by the U.S. Fish and Wildlife Service (2011). The percentage of people 
working in the arts, entertainment and recreation, and accommodation and food services 
(AERAF) was selected to represent the magnitude of the local recreational resources (which 
signify competition with hunting). In addition, the percentage of households headed by a single 
mother was selected, as it may reflect some gender characteristics. Moreover, this variable and 
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child-dependency/old-age-dependency ratio were measures of dependency as a whole. Higher 
dependency may represent lower accessibility to hunting activity. 
The third data source was the Illinois public hunting area data from the IDNR. For each census 
tract, Euclidean distances to the nearest public hunting area were calculated as a proxy for travel 
distance and accessibility to the hunting site.  
In this study, hunting license density (number of license sales per 1000 people) was the 
dependent variable (Figure 2.2), and all other variables were independent variables.  
Bivariate regression  
Bivariate regression was carried out using all the factors as a preliminary exploration of the data. 
It is a simple method for showing the one-to-one relationship between each factor and the 
dependent variable.  
Development of models with stepwise regression 
The final model was created by stepwise regression. Before running the regression, variables 
with high multicollinearity were excluded. The variance inflation factor (VIF) was used to test 
multicollinearity. A VIF greater than five is considered to show high multicollinearity (Craney & 
Surles, 2002).  
After excluding variables with multicollinearity, the remaining variables were analyzed using 
linear regression. The residuals-versus-fitted plot and normal Q-Q plot were used to diagnose 
errors of the linear regression. The former was used to test for constant variance 
(homoscedasticity) and the latter to test for normal distribution of the errors. Since neither of the 
assumptions was met, a Box-Cox transformation was made to reduce heteroscedasticity or non-
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normality of the data (Box & Cox, 1964). A stepwise variable selection was applied to the 
transformed model. The remaining variables were used to develop the final model. 
 
Figure 2.2. The distribution of hunting license density (number of license sales per 1000 people) in the 





Descriptive statistics for the dependent and independent variables 
Table 2.1 summarizes the descriptive statistics for the dependent and independent variables. Out 
of the 3121 census tracts, hunting license density was 0 in 269 (8.62%). Zero values for the 
dependent variable may influence the Box–Cox transformation when creating the model. 
Therefore, a constant was added to the dependent variable before transformation. 
Table 2.1. Descriptive statistics for the dependent and independent variables. 
  Min 1st quartile Median  Mean    3rd quartile Max 
Independent variables 
      
Median age 0 32.5 37.9 37.4 42.2 68.1 
Sex ratio 0 87.3 95.8 98.64 104.2 2996.7 
Old-age-dependency ratio 0 12.8 19.9 21.36 27.8 165.9 
Child-dependency ratio 0 32.1 38.5 39.02 46 147 
No vehicle 0 2.95 6.64 11.78 15.68 89.38 
One vehicle 0 26.66 35.14 35.18 43.43 81.25 
Two vehicles 0 28.28 38.22 35.96 44.81 100 
3+ vehicles 0 9.1 16.6 16.86 24.08 52.44 
Single mother household 0 3.3 6 7.898 10.3 63.9 
Bachelor’s degree + 0 13.7 23.2 29.46 41.4 96.9 
Median income 0 39.87 53.59 58.6 71.55 236.25 
AFFHM* 0 0 0 20.35 20 336 
AERAF** 0 84 144 170.5 226 1019 
Poverty rate 0 5.62 10.22 13.7 17.95 92.78 
Non-Hispanic African 
American population 
0 0.66 3.46 17.18 15.24 100 
Hispanic American 
population 
0 1.92 6.08 14.94 16.73 98.47 
Hispanic African American 
population 
0 0 0 0.215 0.03 11.3 
Unemployment rate 0 6.3 9 10.91 13.4 51 
Distance to the nearest public 
hunting area 
0 5.55 10.72 11.22 16.9 28.67 
Dependent Variables       
Hunting license density 0 1.13 4.19 14.58 16.02 190.02 
*AFFHM, people working in agriculture, forestry, fishing and hunting, and mining; **AERAF, people working in 




Bivariate regression  
Table 2.2 summarizes the bivariate regression results. Most factors were significant except for 
sex ratio. The number of households with fewer vehicles (no vehicle or one vehicle) was 
negatively correlated with hunting license sales, whereas the number of households with more 
vehicles (two or ≥ 3 vehicles) was positively correlated with hunting license sales. Moreover, the 
distance to the nearest public hunting area was negatively correlated with license sales. To 
conclude, the census tract with higher accessibility to the hunting area tended to purchase more 
licenses.  
Table 2.2. Bivariate regression results. 
Variable Coefficient Std 
Coefficient 
t p R2 
No vehicle -0.581 -0.316 -18.591 <0.001 0.100 
One vehicle -0.659 -0.322 -18.996 <0.001 0.104 
Two vehicles 0.456 0.247 14.235 <0.001 0.061 
3+ vehicles 1.150 0.481 30.599 <0.001 0.231 
Old-age-dependency ratio 0.600 0.299 17.478 <0.001 0.089 
Child-dependency ratio -0.079 -0.045 -2.499 0.013 0.002 
Single mother household -0.709 -0.209 -11.933 <0.001 0.044 
Median age 1.245 0.360 21.530 <0.001 0.129 
Sex ratio 0.004 0.012 0.684 0.494 <0.001 
Bachelor’s degree + -0.285 -0.246 -14.163 <0.001 0.060 
Median income -0.060 -0.069 -3.889 <0.001 0.005 
Poverty rate -0.385 -0.189 -10.758 <0.001 0.036 
Unemployment rate -0.841 -0.247 -14.247 <0.001 0.061 
Non-Hispanic African American population -0.237 -0.287 -16.716 <0.001 0.082 
Hispanic American population -0.350 -0.313 -18.408 <0.001 0.098 
Hispanic African American population -5.255 -0.147 -8.311 <0.001 0.022 
AFFHM* 0.413 0.694 53.854 <0.001 0.482 
AERAF** -0.042 -0.216 -12.331 <0.001 0.046 
Distance to the nearest public hunting area -1.673 -0.490 -31.400 <0.001 0.240 
*AFFHM, people working in agriculture, forestry, fishing and hunting, and mining; **AERAF, people working in 
the arts, entertainment and recreation, and accommodation and food services. 
 
The old-age-dependency ratio was positively correlated with license sales, but the child-
dependency ratio and single-mother-headed households were negatively correlated with license 
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sales. The median age had a positive relationship with license sales. This finding shows that 
census tracts with older people tended to purchase more licenses, whereas households with 
higher numbers of children were associated with reduced license purchases.  
Census tracts that contained more people with a bachelor’s degree or a higher qualification 
tended to purchase fewer licenses. Higher education was likely to reduce license purchase.  
The median income, poverty rate, and the unemployment rate were all negatively correlated with 
hunting license sales. However, the coefficient estimate of median income was relatively small, 
and the corresponding R2 was also low. In general, census tracts with better economic status 
tended to purchase more licenses.  
The three variables for minority populations were all negatively related to license sales. Census 
tracts with more people from minority communities were less likely to purchase hunting licenses.  
The percentage of people working in AFFHM was positively correlated with license sales, 
indicating that census tracts with more local hunting resources tended to purchase more licenses. 
The percentage of people working in AERAF was negatively correlated with license sales; this 
finding suggests that census tracts with more general recreational resources tended to purchase 
fewer licenses. 
Avoiding multicollinearity  
Some variables tend to show natural multicollinearity. In this study, the percentages of 
households with no vehicle, one vehicle, two vehicles, and three or more vehicles sum up to 100. 
To avoid collinearity, the percentage of households with two vehicles was excluded before 
calculating VIF. Table 2.3 shows the VIF values. After excluding households with one vehicle 
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and median income, all VIF values were less than five, which is considered acceptable (Craney 
& Surles, 2002). 
Diagnosis and transformation 
The diagnostic plots of the linear regression with all the variables (Figure 2.3a, b) show that the 
residuals departed from homoscedasticity and normality. Therefore, a Box–Cox transformation 
was applied to the model. As the Box–Cox transformation requires the dependent variable to be 
positive, and there were zero values for hunting license density, the dependent variable was 
scaled by adding a constant (0.5). The scaled data were then log-transformed. The diagnostic 
plots of the transformed model (Figure 2.3c, d) showed significant improvement, and, therefore, 
the transformed data were acceptable. 
Table 2.3. VIF values after excluding variables with multicollinearity. 
Variable VIF1 VIF2 
Median age 4.66 4.33 
Sex ratio 1.11 1.08 
Old-age-dependency ratio 3.46 3.25 
Child-dependency ratio 2.59 2.34 
No vehicle 3.78 3.62 
One vehicle 3.19 2.95 
Two vehicles Excluded (natural collinearity) 
3+ vehicles 4.86 4.78 
Single mother household 3.62 3.62 
Bachelor’s degree + 5.60 2.50 
Median income 7.00 Excluded 
AFFHM* 1.58 1.56 
AERAF** 1.26 1.26 
Poverty rate 3.69 3.31 
Non-Hispanic African American population 3.49 3.48 
Hispanic American population 2.26 2.25 
Hispanic African American population 1.11 1.11 
Unemployment rate 2.97 2.93 
Distance to the nearest public hunting area 1.76 1.73 
*AFFHM, people working in agriculture, forestry, fishing and hunting, and mining; **AERAF, people working in 
the arts, entertainment and recreation, and accommodation and food services. 
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Stepwise regression and final model 
The final model from stepwise regression was as follows: 
𝑙𝑜𝑔(hunting license density + 0.5)
= Distance + Median age + Child-dependency ratio + No vehicle
+ One vehicle + Three vehicles + Bachelor′s degree + AFFHM + AERAF
+ Poverty rate + Non-Hispanic African American population
+ Hispanic American population + Unemployment rate 
 
          
Table 2.4 shows the results for the final model. The percentage of people working in AFFHM, 
median age, poverty rate, child-dependency ratio, and percentages of households with one 
vehicle and ≥ 3 vehicles were positively correlated with license sales. The distance to the nearest 
public hunting area, percentage of non-Hispanic African Americans, and percentage of people 
working in AERAF, percentage of Hispanic Americans, percentage of people with a bachelor’s 
degree or higher, unemployment rate, and percentage of households with no vehicle were 
negatively correlated with license sales. 
Figure 2.4 presents the distribution of the final model residuals. Although the transformation 
helped to improve performance in relation to homoscedasticity and normality, the residuals 
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Figure 2.3. Diagnostic plots: (a) residuals-versus-fitted plot for the original linear model; (b) normal Q-Q 
plot of residuals for the original linear model; (c) residuals-versus-fitted plot for the transformed model; 



















Figure 2.4. The distribution of the residuals of the final model at the aggregated census-tract level for the 
state of Illinois. 
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Table 2.4. Results of the final model (adjusted R2: 0.843). 
Variable Coefficient Std Coefficient t p 
(Constant) 2.074  15.138 <0.001 
AFFHM* 0.006 0.155 17.565 <0.001 
Distance to the nearest public hunting area -0.038 -0.180 -19.291 <0.001 
Median age 0.020 0.092 9.474 <0.001 
Non-Hispanic African American population -0.026 -0.510 -40.599 <0.001 
AERAF** -0.000 -0.035 -4.455 <0.001 
Hispanic American population -0.033 -0.474 -46.575 <0.001 
Bachelor’s degree + -0.020 -0.271 -26.277 <0.001 
Unemployment rate -0.024 -0.112 -9.288 <0.001 
Poverty rate 0.009 0.071 5.565 <0.001 
3+ vehicles 0.021 0.142 9.415 <0.001 
No vehicle -0.006 -0.051 -3.827 <0.001 
One vehicle 0.007 0.057 4.756 <0.001 
Child-dependency ratio 0.009 0.080 9.093 <0.001 
*AFFHM, people working in agriculture, forestry, fishing and hunting, and mining; **AERAF, people working in 
the arts, entertainment and recreation, and accommodation and food services. 
Discussion 
This chapter addresses the factors that significantly influence hunting license sales in the state of 
Illinois. Based on previous empirical studies, 19 variables were selected for analysis and two 
were excluded for multicollinearity. After stepwise regression, 13 variables remained in the final 
model. The influence of most of these variables on the aggregated census tracts was consistent 
with results of previous studies in the literature at the individual and aggregated levels. 
Previous studies showed that lack of accessibility to hunting resources limited hunting. At the 
individual level, the accessibility of public sites and the distance traveled to reach the hunting 
area may constrain some participants from taking part in hunting activities (Mehmood et al., 
2003; Tsachalidis & Hadjisterkotis, 2008). The results of the final model show that at the 
aggregated census-tract level, the effects of the variables measuring accessibility to hunting 
resources were significant; census tracts more accessible to hunting regions/resources had a 
higher rate of hunting license sales. Specifically, distance to the nearest public hunting area 
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negatively influenced hunting license sales. The farther the hunting area was from home, the less 
likely people in some census tracts were to purchase licenses. The percentage of people working 
in AFFHM positively influenced hunting license sales. Usually, the presence of more jobs 
related to the hunting industry means more local hunting resources. In addition, people working 
in the hunting industry often have related skills and knowledge, which may attract them and their 
friends to try hunting activities. The percentage of households with ≥ 3 vehicles was positively 
related to license sales, and the percentage of household with no vehicles was negatively related. 
These two variables also reflect people’s accessibility to hunting resources, especially to those 
far away. More vehicles mean more accessibility. However, the behavior of the variable 
percentage of households with one vehicle was mixed. In the bivariate regression, it negatively 
influenced hunting license sales, but in the final model, it was positively related to sales. Taking 
all the other factors into consideration, the variable households with one vehicle was also 
considered as facilitating access to hunting resources.  
Based on this result, one possible way to promote license sales is to increase accessibility to 
hunting resources. State agencies could identify underserved areas for opening new hunting sites 
and creating new hunting-related job opportunities. In fact, increasing hunting-related job 
opportunities is often related to the development of hunting areas. Therefore, introducing new 
hunting sites for underserved areas may significantly increase the likelihood of creating hunting-
related jobs nearby. 
Previous studies have also discussed the influence of demographic variables: age, gender, 
education, race, and ethnicity. Surveys at the individual level have shown that older people tend 
to hunt more (U.S. Fish and Wildlife Service, 2018). The results of the final model at the 
aggregated level agreed with the individual results. Median age was positively related to hunting 
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license sales; census tracts with older people tended to have a higher rate of license sales. 
However, the lack of young hunters may lead to a decline in participation in hunting and license 
sales, as older people stop hunting once they are too old (after 65 years of age). Agencies should 
try to attract younger hunters to make the hunting market more vibrant. On the other hand, the 
child-dependency ratio had a positive influence on hunting license sales. It is reasonable to 
assume that families with young children are more likely to purchase hunting license sales. 
Considering that the interest in hunting is often initiated through a father and determined by the 
age of 30 (Tsachalidis & Hadjisterkotis, 2008), targeting this group may attract more young 
hunters and increase hunting license sales.  
The sex ratio and percentage of households with a single mother were not significant variables in 
the final model. At the aggregated level, gender may not be an important factor, as, usually, the 
male–female ratio is balanced. These variables were homogeneous across the state, and there 
was no variability across census tracts with different hunting license sales. The sex ratio was not 
significant even in the bivariate regression.  
Individual level studies have shown that people with higher education qualifications tend to hunt 
less (Castilho et al., 2019; Mfunda & Røskaft, 2010; Nielsen & Meilby, 2013). This is also true 
in this aggregate-level study. The percentage of people with a bachelor’s degree or higher had a 
negative influence on hunting license sales. Education at a higher level caused a reduction in 
hunting license sales.  
Previous studies have stated that race and ethnicity could significantly limit the purchase of 
licenses (Floyd & Lee, 2002; U.S. Fish and Wildlife Service, 2011). In this study, the 
percentages of minority populations (Hispanic Americans and non-Hispanic African Americans) 
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were negatively correlated with license sales. From 1996 to 2006, the number of African 
American hunters decreased by 56%, which is higher than the average decrease (12%) for the 
entire hunter group. The number of Hispanic hunters increased slightly, but not significantly 
(U.S. Fish and Wildlife Service, 2011). Considering that the African American and Hispanic 
American populations show an increasing trend in the United States, agencies should attach 
importance to attracting more African American and Hispanic American hunters. Moreover, as 
discussed above, these minority groups were less likely to purchase licenses even if they 
participated in hunting. It is important for the agencies to advertise to these groups the 
importance of buying a license and the penalties for getting caught without one (U.S. Fish and 
Wildlife Service, 2011). 
At the individual level, economic status is an important factor influencing participation in 
hunting (Estabrooks et al., 2003; Lee et al., 2007; Miller & Vaske, 2003; Moore et al., 2008; 
Powell et al., 2006), although its effect is complex. On the one hand, people with higher 
economic status have more recreational resources and tend to hunt more. On the other hand, 
people with lower economic status hunt to obtain high-protein food sources. The 2016 survey 
(U.S. Fish and Wildlife Service, 2018) showed that households in the median income group had 
the highest hunting participation. At the aggregated level in this study, household income was 
excluded since it was highly correlated with other variables. The employment rate negatively 
influenced license sales. People with stable jobs tended to purchase more licenses. As discussed 
above, if the job was related to the hunting industry, it increased license purchases even more. 
The influence of poverty rate was different between the final model and the bivariate regression. 
With the other factors included, poverty rate positively influenced license sales. Taking all the 
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other factors into consideration, people in poverty were more likely to engage in hunting to 
obtain food sources, rather than for recreation. 
As a proxy of general entertainment and recreation, the percentage of people working in AERAF 
had a negative influence on hunting license sales. If alternative entertainment and recreational 
opportunities are more available, in addition to hunting, people would have more options, 
leading to a reduction in participation in hunting. This is consistent with the findings of earlier 
studies (Karns et al., 2015; Robinson, Lloyd, & McKinley, 2013).  
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CHAPTER 3 FACTORS INFLUENCING HUNTING LICENSE SALES IN RURAL AND 
URBAN AREAS OF ILLINOIS 
Introduction 
The patterns of hunting participation vary between rural and urban areas. In general, a higher 
percentage of rural residents tend to hunt than urban residents (Hendee, 1969; Stedman & 
Heberlein, 2001; U.S. Fish and Wildlife Service, 2018). The predominance of hunting among 
rural residents can be explained by specific factors.  
The first factor is related to opportunity or availability. Access to hunting sites was the greatest 
constraint identified by hunters in Illinois (Miller & Vaske, 2003). Rural areas usually have low 
population density and more wildlife habitat, and this combination offers more hunting 
opportunities to local residents (Hendee, 1969). Moreover, rural residents often start to hunt 
earlier and have more experience than residents in urban areas (Langenau Jr & Mellon, 1980). 
Such early experiences increase the probability for rural people becoming regular hunters. In 
contrast, urban residents have greater access to indoor entertainment, especially electronic 
entertainment (Karns et al., 2015; Robison & Ridenour, 2012), which decreases the opportunities 
to hunt or engage in other outdoor recreation.  
The second explanation is about culture and attitude. Culturally, hunting is considered as “a way 
of life” in rural areas. Stedman and Heberlein (2001) found that even without a hunting father, 
rural males were more likely to hunt than urban males. At the same time, urban residents tend to 
have higher hunting ethics scale (Langenau Jr & Mellon, 1980), whereas rural residents are 




Given the differences between rural and urban residents, it is reasonable to assume that different 
models should be selected for these regions. The dataset used in Chapter 2 was divided into two 
subsets: rural and urban. The same regression method was applied separately to the two subsets, 
and a comparison was made between the entire state, the rural and the urban areas. Identifying 
differences will help to develop different strategies to promote hunting. The results from this 
analysis may help agencies understand factors that contribute not only to license purchases but 
also act as constraints to sales, and find different strategies for rural and urban areas. 
Methods 
Creating the dataset 
As an extension of Chapter 2, Chapter 3 also focuses on the entire state of Illinois. The definition 
of rural and urban used in this analysis was that of the Federal Office of Rural Health Policy 
(FORHP). At the county level, FORHP uses the definition of Metropolitan Areas from the Office 
of Management and Budget (OMB). According to their definition, counties with one or more 
urbanized areas are considered core counties. Both the core counties and the outlying counties 
economically tied to them are defined as urban counties. The other counties are rural. In Illinois, 
there are 62 rural counties and 40 urban counties. All the census tracts in rural counties were 
defined as rural. In urban counties, there are census tracts not closely connected to the urbanized 
areas. Taking this distinction into consideration, FORHP developed the Rural-Urban Commuting 
Area Codes (RUCAs) to designate rural census tracts in urban counties (USDA Economic 
Research Service, 2016). Considering both the tracts in rural counties and the RUCAs, there are 
489 rural census tracts and 2632 urban census tracts in Illinois. The spatial distribution of the 




Figure 3.1. Distribution of rural and urban census tracts in the state of Illinois. 
The dataset used for the analysis presented in Chapter 2 was divided into rural and urban based 
on the definition of FORHP. Both subsets contained all the variables considered in Chapter 2. In 
this analysis, the dependent variable and independent variables were the same as those used in 
the analysis presented in Chapter 2. 
Regression, diagnosis, and transformation 
The procedures for developing regression models in this chapter are the same as those in Chapter 
2. First, a bivariate regression was carried out using both rural and urban datasets. Second, a 
linear regression was applied to both datasets after excluding the independent variables showing 
multicollinearity. Results of the regression were diagnosed by the residuals-versus-fitted plot and 
normal Q-Q plot. If the data departed from either homoscedasticity or normality, a Box-Cox 
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transformation was applied (Box & Cox, 1964). Finally, a stepwise variable selection was 
applied to the transformed models to obtain the final models. 
Comparison of the results for rural areas, urban areas, and the entire state 
The results for the rural, urban, and whole-state models were combined and compared with one 
another. The investigation centered on the similarity of significant factors across regions and 
their relative influence on hunting license sales.  
Results 
Bivariate regression 
In the urban dataset, sex ratio was the only variable that was not significant (Table 3.1). The 
proportion of the population working in AFFHM had a significantly positive association with 
license sales (R2 = 0.349, p < 0.001). Households with ≥ 3 vehicles (R2 = 0.202, p < 0.001) and 
distance to the nearest public hunting area (R2 = 0.168, p < 0.001) were also significantly related 
to license sales. In the rural dataset (Table 3.2), old-age-dependency ratio, child-dependency 
ratio, and sex ratio were not significant. Households with ≥ 3 vehicles had the highest association 
with license sales (R2 = 0.345, p < 0.001). Households with no vehicle (R2 = 0.154, p < 0.001), 
one vehicle (R2 = 0.269, p < 0.001), and the population working in AFFHM (R2 = 0.216, p < 
0.001) also had a significant positive relationship with sales. 
Comparing the bivariate regression results for the urban and rural datasets, the urban data 
included more significant variables. The significant factors had a similar influence on hunting 
license sales for both urban and rural areas (Table 3.1 and Table 3.2). Households with fewer 
vehicles (no vehicle or one vehicle) had a negative influence on hunting license sales, whereas 
households with more vehicles (two or ≥ 3 vehicles) had a positive influence. People living in 
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census tracts with more vehicles tended to purchase more licenses. Distance to the nearest public 
hunting area had a negative influence on license sales. Census tracts closer to hunting areas 
tended to purchase more licenses. Usually, households with more vehicles and units closer to 
hunting areas meant easier access to hunting sites. The bivariate regression results suggest that 
census tracts with better access to hunting areas were more likely to purchase hunting licenses. 
The percentage of the population with a bachelor’s degree or higher had a negative correlation 
with hunting license sales. Census tracts with more people with higher education tended to 
purchase fewer licenses. Median income was positively related to hunting license sales, but the 
poverty rate and the unemployment rate showed the opposite trend. Census tracts with better 
economic status were more likely to purchase hunting licenses.  
Table 3.1. Bivariate regression results for the urban census tracts. 
Variable Coefficient Std Coefficient t p R2 
No vehicle -0.321 -0.322 -17.46 <0.001 0.104 
One vehicle -0.371 -0.327 -17.72 <0.001 0.107 
Two vehicles 0.292 0.294 15.76 <0.001 0.086 
3+ vehicles 0.619 0.450 25.81 <0.001 0.202 
Old-age-dependency ratio 0.221 0.191 9.96 <0.001 0.036 
Child-dependency ratio -0.035 -0.037 -1.88 0.060 0.001 
Single mother household -0.371 -0.202 -10.58 <0.001 0.041 
Median age 0.602 0.306 16.51 <0.001 0.094 
Sex ratio 0.003 0.012 0.63 0.527 0.000 
Bachelor’s degree + -0.069 -0.108 -5.54 <0.001 0.012 
Median income 0.038 0.082 4.21 <0.001 0.007 
Poverty rate -0.270 -0.243 -12.86 <0.001 0.059 
Unemployment rate -0.470 -0.252 -13.36 <0.001 0.064 
Non-Hispanic African American population -0.118 -0.265 -14.11 <0.001 0.070 
Hispanic American population -0.171 -0.282 -15.07 <0.001 0.079 
Hispanic African American population -2.463 -0.129 -6.69 <0.001 0.017 
AFFHM* 0.321 0.591 37.59 <0.001 0.349 
AERAF** -0.009 -0.083 -4.29 <0.001 0.007 
Distance to the nearest public hunting area -0.835 -0.410 -23.08 <0.001 0.168 
*AFFHM, people working in agriculture, forestry, fishing and hunting, and mining; **AERAF, people working in 
the arts, entertainment and recreation, and accommodation and food services. 
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Table 3.2. Bivariate regression results for the rural census tracts. 
Variable Coefficient Std Coefficient t p R2 
No vehicle -2.439 -0.393 -9.43 <0.001 0.154 
One vehicle -1.911 -0.519 -13.40 <0.001 0.269 
Two vehicles 1.490 0.299 6.92 <0.001 0.090 
3+ vehicles 2.390 0.587 16.00 <0.001 0.345 
Old-age-dependency ratio 0.213 0.056 1.25 0.214 0.003 
Child-dependency ratio 0.124 0.033 0.72 0.472 0.001 
Single mother household -3.162 -0.380 -9.07 <0.001 0.145 
Median age 1.946 0.291 6.71 <0.001 0.085 
Sex ratio -0.016 -0.066 -1.46 0.140 0.004 
Bachelor’s degree + -0.552 -0.120 -2.66 0.008 0.014 
Median income 0.692 0.235 5.33 <0.001 0.055 
Poverty rate -1.206 -0.291 -6.71 <0.001 0.085 
Unemployment rate -1.769 -0.234 -5.31 <0.001 0.055 
Non-Hispanic African American population -1.154 -0.285 -6.57 <0.001 0.081 
Hispanic American population -1.867 -0.339 -7.96 <0.001 0.115 
Hispanic African American population -23.522 -0.171 -3.82 <0.001 0.029 
AFFHM* 0.248 0.464 11.57 <0.001 0.216 
AERAF** -0.126 -0.336 -7.87 <0.001 0.113 
Distance to the nearest public hunting area -2.163 -0.327 -7.65 <0.001 0.107 
*AFFHM, people working in agriculture, forestry, fishing and hunting, and mining; **AERAF, people working in 
the arts, entertainment and recreation, and accommodation and food services. 
 
The three variables related to minority communities were all negatively associated with license 
sales. Census tracts with higher populations of minorities tended to purchase fewer hunting 
licenses.  
The percentage of the population working in AFFHM was positively correlated with license 
sales, suggesting that census tracts with more local hunting resources tended to purchase more 
licenses. The percentage of people working in AERAF was negatively correlated with license 
sales; this finding suggests that census tracts with more general recreational resources tended to 
purchase fewer licenses. 
The median age was positively correlated with license sales. The percentage of households 
headed by single mothers was negatively correlated with license sales. For the urban data, the 
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old-age-dependency ratio was positively correlated with license sales, but the child-dependency 
ratio was negatively correlated. Census tracts with older people were more likely to purchase 
licenses, whereas households with a higher child-dependency ratio appeared to show reduced 
license purchases. 
Diagnosis, transformation, and stepwise regression 
To reduce multicollinearity, the VIFs were calculated for each independent variable for both 
datasets (Table 3.3). Variables with natural multicollinearity (e.g., two vehicles) were excluded 
first. Households with ≥ 3 vehicles were then excluded for the rural data, and median income 
was excluded for the urban data, as the VIF value was greater than 5. VIFs for the remaining 
variables were all bellow 5, which is considered acceptable (Craney & Surles, 2002).  
All the remaining variables were then included in the linear regression. Figure 3.2 shows the 
diagnostic plots for the linear regressions for the urban and rural datasets. The plots suggest that 
for both datasets, the residuals are not independent of fitted values (they are heteroscedastic), and 
are not normally distributed. To correct this, the Box-Cox transformation suggested a log 
transformation. Before applying the Box–Cox transformation, the dependent variable was scaled 
by adding a constant (0.5) to make all the values positive. Figure 3.3 shows the diagnostic plots 
for the transformed regressions for the urban and rural datasets. For both datasets, transformation 






Table 3.3. VIF values after excluding variables with multicollinearity for both rural and urban datasets. 
Variable VIF Rural VIF Urban 
Median age 3.96 3.94 4.49 4.17 
Sex ratio 1.57 1.56 1.22 1.15 
Old-age-dependency ratio 3.43 3.32 3.20 3.02 
Child-dependency ratio 1.91 1.90 2.90 2.55 
No vehicle 2.38 2.09 3.88 3.74 
One vehicle 4.82 3.52 3.13 2.93 
Two vehicles Excluded (natural collinearity) Excluded (natural collinearity) 
3+ vehicles 5.05 Excluded 4.59 4.50 
Single mother household 2.18 2.16 4.01 4.01 
Bachelor’s degree + 1.72 1.72 5.73 2.65 
Median income 4.95 4.86 7.29 Excluded 
AFFHM* 1.71 1.64 1.28 1.27 
AERAF** 1.54 1.51 1.25 1.25 
Poverty rate 4.47 4.38 3.80 3.43 
Non-Hispanic African American population 1.80 1.79 3.85 3.85 
Hispanic American population 1.31 1.28 2.42 2.42 
Hispanic African American population 1.16 1.16 1.10 1.10 
Unemployment rate 1.78 1.78 3.08 3.04 
Distance to the nearest public hunting area 1.29 1.27 1.56 1.54 
*AFFHM, people working in agriculture, forestry, fishing and hunting, and mining; **AERAF, people working in 
the arts, entertainment and recreation, and accommodation and food services. 
 
After transformation, stepwise regressions were applied to both rural and urban models. Fourteen 
variables remained in the final model for the urban dataset (Table 3.4) as follows: 
𝑙𝑜𝑔(hunting license density + 0.5)
= Distance + Median age + Child-dependency ratio
+ Old-age depedency ratio + No vehicle + One vehicle + Three vehicles
+ Bachelor′s degree + AFFHM + AERAF + Poverty rate
+ Non-Hispanic African American population
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Figure 3.2. Diagnostic plots for the stepwise linear regressions: (a) residuals-versus-fitted plot for the 
urban dataset: (b) normal Q-Q plot for the residuals of the urban dataset; (c) residuals-versus-fitted plot 








  (a)                                                                         (b) 
 
  (c)                                                                         (d) 
 
                                      (c)                                                                             (d) 
Figure 3.3. Diagnostic plots for the transformed regression models: (a) residuals-versus-fitted plot for the 
urban dataset; (b) normal Q-Q plot for residuals of the urban dataset; (c) residuals-versus-fitted plot for 
the rural dataset; (d) normal Q-Q plot for residuals of the rural dataset. 
 
People working in AFFHM, households with ≥ 3 vehicles, households with one vehicle, median 
age, child-dependency ratio, and poverty rate were positively related to hunting license sales, 
whereas the Hispanic American population, distance to the nearest public hunting area, Non-
Hispanic African American population, people with a bachelor’s degree or higher, people 
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working in AERAF, unemployment rate, households without vehicles, and old-age-dependency 
ratio were negatively related to license sales (Table 3.4). 
Thirteen variables remained in the stepwise model for the rural dataset (Table 3.5), and the final 
model is as follows: 
𝑙𝑜𝑔(hunting license density + 0.5)
= Distance + Child-dependency ratio + No vehicle + One vehicle
+  Bachelor′s degree + AFFHM + AERAF + Poverty rate
+ Hispanic American population + Unemployment rate + Sex ratio
+ Single mother household + Median income 
People working in AFFHM and the child-dependency ratio were positively related to hunting 
license sales, whereas the distance to the nearest public hunting area, households with no vehicle, 
households with one vehicle, people with a bachelor’s degree or higher, median income, people 
working in AERAF, Hispanic American population, households with single mother, poverty rate, 
unemployment rate, and sex ratio were negatively related to license sales.  
The residuals of the two models were combined together; their distributions are mapped in 









Table 3.4. Results for the final model for urban census tracts (adjusted R2: 0.793). 
  Coefficient Std Coefficient t p 
(Intercept) 1.742  11.856 <0.001 
AFFHM* 0.007 0.135 13.498 <0.001 
3+ vehicles 0.020 0.157 8.373 <0.001 
Hispanic American population -0.030 -0.531 -39.797 <0.001 
Distance to nearest public hunting area -0.038 -0.200 -18.156 <0.001 
Non-Hispanic African American population -0.023 -0.565 -33.764 <0.001 
Bachelor’s degree + -0.016 -0.262 -18.966 <0.001 
AERAF** -0.000 -0.026 -2.582 0.010 
Unemployment rate -0.021 -0.121 -7.805 <0.001 
No vehicle -0.007 -0.073 -4.282 <0.001 
Median age 0.024 0.132 7.340 <0.001 
Poverty rate 0.007 0.065 3.994 <0.001 
Old-age-dependency ratio -0.004 -0.039 -2.527 0.012 
Child-dependency ratio 0.009 0.100 8.610 <0.001 
One vehicle 0.006 0.058 3.935 <0.001 
*AFFHM, people working in agriculture, forestry, fishing and hunting, and mining; **AERAF, people working in 
the arts, entertainment and recreation, and accommodation and food services. 
 
Table 3.5. Results for the final model for the rural census tracts (adjusted R2: 0.681). 
  Coefficient Std Coefficient t p 
(Intercept) 6.660  23.005 <0.001 
Distance to nearest public hunting area -0.010 -0.069 -2.421 0.016 
No vehicle -0.036 -0.291 -7.671 <0.001 
One vehicle -0.029 0.054 -7.909 <0.001 
Bachelor’s degree + -0.013 -0.267 -4.15 <0.001 
Median income -0.000 -0.364 -5.617 <0.001 
AFFHM* 0.001 -0.107 2.47 0.014 
AERAF** -0.001 -0.133 -3.43 0.001 
Hispanic American population -0.032 -0.306 -9.484 <0.001 
Single mother household -0.019 0.081 -2.964 0.003 
Poverty rate -0.012 -0.101 -2.861 0.004 
Unemployment rate -0.018 -0.138 -3.229 0.001 
Sex ratio -0.002 -0.263 -10.255 <0.001 
Child-dependency ratio 0.005 -0.108 1.853 0.064 
*AFFHM, people working in agriculture, forestry, fishing and hunting, and mining; **AERAF, people working in 












Comparison of the results for rural and urban census tracts and the entire state 
Figure 3.5 presents the coefficients for the final model for rural and urban census tracts and for 
the entire state dataset. The entire state model had 13 significant factors, the urban model 14, and 
the rural model 13. Ten variables were significant in all three models, and eight of the ten had a 
similar influence on hunting license sales: people working in AFFHM and the child-dependency 
ratio had a positive influence on hunting license sales, whereas, distance to the nearest public 
hunting area, households with no vehicle, people working in AERAF, Hispanic American 
population, people with a bachelor’s degree or higher, and unemployment rate had a negative 
influence. The poverty rate and households with one vehicle were significant in all three models; 
however, they exhibited different behavior in the rural model. In both the statewide and urban 
models, each variable had a positive influence on hunting license sales, but in the rural model 
they showed the opposite trend. 
The median age, non-Hispanic African American population, and households with ≥ 3 vehicles 
were only significant in the urban and statewide models. In both models, median age and 
households with ≥ 3 vehicles had a positive influence on hunting license sales, and the non-
Hispanic African American population had a negative influence. The median income, 
households headed by a single mother, and sex ratio were significant only in the rural model, 
with all three variables having a negative influence on rural hunting license sales. The old-age-
dependency ratio was significant only in the urban model and had a negative influence on urban 
license sales.  
Discussion 
This study explored whether factors influencing hunting license sales differed between rural and 
urban areas of Illinois. Results showed that the urban model had 14 significant variables, and the 
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rural model had 13. Ten variables were significant in both models and eight of the ten had a 
similar influence on hunting license sales: people working in AFFHM and the child-dependency 
ratio had a positive influence, whereas distance to the nearest public hunting area, households 
with no vehicle, people working in AERAF, Hispanic American population, people with a 
bachelor’s degree or higher, and unemployment rate had a negative influence on license sales. 
The eight variables also had a similar influence on hunting license sales in the model in Chapter 
2. As discussed in Chapter 2, the influence of theses variables was similar to that discussed in the 
literature: the accessibility of hunting sites and the distance traveled (represented by people 
working in AFFHM, distance to the nearest public hunting area, and households with no vehicle) 
for hunting may constrain some people from taking part in hunting activities (Mehmood et al., 
2003; Tsachalidis & Hadjisterkotis, 2008). Age structure (represented by child-dependency ratio 
in this study) influences hunting participation and hunting license sales (Bissell et al., 1998; 
Duda et al., 1996; U.S. Fish and Wildlife Service, 2011, 2018). People with higher education 
qualifications (represented by people with a bachelor’s degree or higher) tend to hunt less 
(Castilho et al., 2019; Mfunda & Røskaft, 2010; Nielsen & Meilby, 2013). Race and ethnicity 
(represented by Hispanic American population) may significantly limit the purchase of licenses, 
and Hispanic Americans and African Americans are underrepresented groups (Floyd & Lee, 
2002; U.S. Fish and Wildlife Service, 2011). Economic status (represented by the unemployment 
rate) is an important factor influencing hunting participation (Estabrooks et al., 2003; Lee et al., 
2007; Miller & Vaske, 2003; Moore et al., 2008; Powell et al., 2006). More general 
entertainment and recreational opportunities other than hunting (represented by people working 
in AERAF) reduced hunting participation (Karns et al., 2015; Robinson, Lloyd, & McKinley, 
2013). Therefore, these eight variables had a relatively robust influence on hunting license sales 
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over different regions and at different scales. These factors are important when agencies develop 
statewide hunter recruitment and management policy.  
 
Figure 3.5. Estimates of the coefficients for the independent variables in the final model for rural and 
urban census tracts and for the entire state dataset. Abbreviations: AERAF, people working in the arts, 
entertainment and recreation, and accommodation and food services; AFFHM, people working in 
agriculture, forestry, fishing and hunting, and mining. 
 
The poverty rate and households with one vehicle had significant, but different, influences in 
both the rural and urban models. In the urban model, both variables had a positive influence on 
hunting license sales, but in the rural model, their influence was negative. As discussed in 
Chapter 2, the influence of the poverty rate was complex. In urban areas, people in poverty 
tended to hunt more, suggesting that hunting was a means of obtaining food sources. In rural 
areas, people in poverty tended to hunt less; hunting was more likely to be a recreational activity. 
The effect of the variable household with one vehicle was mixed. In urban areas, with public 
transportation available for other family members, work, and other needs, a single vehicle for the 
household appeared to be sufficient to gain access to hunting sites. In rural areas, a personal 
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vehicle is essential for daily life, and the likely demands on the sole family vehicle may make it 
unavailable for hunting purposes. 
Four variables were significant only in the urban model. Median age and households with ≥ 3 
vehicles had a positive influence on urban hunting license sales, and the Non-Hispanic African 
American population and old-age-dependency ratio had the opposite effect. These results were 
also consistent with those from previous studies. Older people tend to hunt more frequently until 
they reach the age of 65 years (U.S. Fish and Wildlife Service, 2018). Easier access to hunting 
sites promote license sales (Mehmood et al., 2003; Tsachalidis & Hadjisterkotis, 2008). 
However, African Americans tend to hunt less (Floyd & Lee, 2002; U.S. Fish and Wildlife 
Service, 2011). 
Three variables were significant only in the rural model. The median income, households with a 
single mother, and sex ratio had a negative influence on rural hunting license sales. In rural 
areas, people with higher incomes tended to hunt less. On the other hand, rural people in poverty 
also tended to hunt less. This was consistent with the finding that people in the median income 
group participated in hunting more than other income groups (U.S. Fish and Wildlife Service, 
2018). In rural areas, a higher percentage of households headed by single mothers constrained 
hunting license sales, but a higher female population promoted license sales. 
Given the differences between the rural and urban models, state wildlife agencies should have 
different strategies to promote hunting among rural and urban populations. In urban areas, older 
people in communities other than African American may have higher potential to purchase 
licenses, whereas in rural areas, the median income group and married women may be targeted 
for license promotion.   
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CHAPTER 4 IMPROVEMENT OF THE ORDINARY LEAST SQUARES MODEL BY 
EXCLUDING SPATIAL AUTOCORRELATION OF MODEL RESIDUALS 
Introduction 
Chapter 2 discussed a statistical model to assess the influence of different factors on hunting 
license sales. In that analysis, a Box–Cox transformation was made to reduce heteroscedasticity 
and non-normality of the residuals. However, there is another important assumption for ordinary 
least squares (OLS) residuals—independence. OLS residuals must be independent of each other 
for an unbiased estimate of the model. The dataset used for this research is the census tract data 
and hunting license sales data for aggregated spatial units. However, according to Tobler's first 
law of geography (Tobler, 1970), these data are spatially autocorrelated. Therefore, the residuals 
of the final model are also very likely to be autocorrelated. 
To test spatial autocorrelation, a commonly used method is Moran’s I test (Moran, 1950), which 
uses Moran’s I value to measure the global spatial autocorrelation. Recent studies have applied 
Moran’s I in different fields (Dubé & Legros, 2013; Jones et al., 2008; Xiong et al., 2018). Some 
have applied Moran’s I to detect autocorrelation in the residuals of regressions (Helbich et al., 
2012; Lesch & Corwin, 2008; Lin & Zhang, 2007; Martell & Sun, 2008). A significant Moran 
test statistic indicates that the residuals are spatially autocorrelated (i.e., they violate the 
assumption of independence); therefore, the model needs improvement. 
Although the Moran test can detect the existence of spatial autocorrelation in residuals, it does 
not suggest how to improve the model. In spatial econometrics, researchers have applied the 
Lagrange Multiplier test (Anselin, 1988; Anselin et al., 1996) to diagnose spatial dependency and 
determine what type of spatial regression model should be used. The Lagrange Multiplier test 
helps to choose an appropriate spatial regression model: either a spatial lag model or spatial error 
54 
 
model. Spatial lag models consider the spatial autocorrelation of the dependent variable, whereas 
spatial error models take into account the spatial autocorrelation of the error terms (Seffrin et al., 
2018; Song et al., 2014). Recent applications of the Lagrange Multiplier test and spatial 
regression models are seen in a variety of disciplines, such as health (Helbich et al., 2012; 
Rocha-Brischiliari et al., 2018), forestry (Martell & Sun, 2008), agriculture (Seffrin et al., 2018; 
H. Zhang et al., 2014), and environmental science (Fang et al., 2015). 
Another method that may help exclude spatial dependency is the use of a mixed model. The 
model is termed “mixed” because the stochastic component usually contains more than one error 
term (Lesch & Corwin, 2008). Specifically, a random effect at a local scale is added to the 
model, which will capture some of the spatial correlation in the OLS residuals, and thus make the 
model residuals less spatially correlated (Haskard et al., 2007; Lesch & Corwin, 2008; Liu et al., 
2016; Torabi, 2016).  
The methods discussed above are all global models, which treat the study area as a whole. The 
relationship between the dependent variable and independent variables is constant (stationarity) 
for the entire study region. Although the mixed model includes local random effects, there is 
only one estimate for each coefficient. However, the spatial autocorrelation may arise from the 
non-stationarity of such a relationship. The geographically weighted regression (GWR) model 
has been introduced to solve the non-stationarity problem (Brunsdon et al., 1996; Helbich et al., 
2012). As a local model, GWR calculates the different degrees of model fit and the local 




This chapter has two objectives: (1) to investigate whether there is spatial dependency in the 
residuals of the OLS model in Chapter 2; (2) if spatial dependency exists, to find the best model 
that excludes spatial dependency and has a good fit. To achieve the objectives, the Moran test 
and the Lagrange Multiplier test were applied to the residuals. If spatial autocorrelation was 
significant, the spatial regression models, mixed model, and GWR were applied to exclude it. 
The models were compared by the Akaike information criterion (AIC) and the Moran test of the 
residuals. Models with lower AIC and less significant Moran test results were considered better. 
Methods 
Spatial weights  
To discuss spatial dependency, spatial weights are necessary to measure the spatial relationships 
between the locations of census tracts. In this study, queen contiguity based on first-order 
neighbor weights was used. In the queen contiguity matrix, the element wij measures the spatial 
connection between census tract i and census tract j. If wij = 1, the two census tracts share at least 
one point on their boundary. Conversely, if wij = 0, the two census tracts do not share points 
(Kemp, 2007; Suryowati et al., 2018).  
Considering the variation in size and shape of census tracts, each census tract has a different 
number of neighbors compared to other tracts. The weight matrix is row standardized to reduce 
the influence of unequal numbers of neighbors. Row standardization divides each neighbor's 
weight for a census tract i by the sum of all neighbor weights for that census tract to create 
proportional weights as shown in equation 1 (Kemp, 2007; Suryowati et al., 2018). The row 
standardized weight matrix was used for all the following spatial tests (Moran test and Lagrange 









                                                               (4.1). 
Moran test for spatial autocorrelation of residuals 
The Moran test was applied to the residuals of the final OLS model using the moran.test function 
in the spdep package in R (R. S. Bivand et al., 2013). The Moran statistic (standard deviate of 
Moran's I), p-value, and estimate of Moran’s I value were reported. If the p-value is less than 
0.01, there is significant spatial autocorrelation in the residuals of the models, indicating 
violation of the assumption of independence of the residuals. Under these circumstances, if 
Moran’s I is greater than 0, there is positive spatial autocorrelation; if it is less than 0, there is 
negative spatial autocorrelation (Jones et al., 2008; Moran, 1950; Xiong et al., 2018).  
Lagrange multiplier test, spatial error model, and spatial lag model 
Both the spatial lag model and the spatial error model add a spatial term to the OLS model. The 
equation for OLS can be expressed as 
y = Xβ + ε, ε~N(0, δ2)                                                     (4.2), 
where y is an (n × 1) vector of the dependent variable (n = number of observations), X is an (n × 
k) matrix of the independent variables (k = number of independent variables), β is a (k × 1) 
vector of parameters, and ε is an (n × 1) vector of normally distributed errors. 
If spatial dependency of the dependent variable (y) is diagnosed, the spatial lag model is suitable. 
The model can be expressed as  
y = ρWy + Xβ + ε, ε~N(0, δ2)                                                   (4.3), 
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where ρ is the auto-regressive parameter, and W is an (n × n) spatial-weight/neighborhood 
connectivity matrix, which is used to calculate the weighted average of neighboring value (Fang 
et al., 2015).  
If spatial dependency of the error term is diagnosed, the spatial error model is suitable. The 
model can be expressed as 
y = Xβ + λWμ + ε, ε~N(0, δ2)                                               (4.4), 
where µ is an (n × 1) vector of residuals and λ is the spatial autocorrelation parameter (Fang et 
al., 2015). 
To diagnose which spatial model fitted the data better, the Lagrange Multiplier test was applied 
to the residuals of the final OLS model by the lm.LMtests function in the spdep in R (R. S. 
Bivand et al., 2013). The Lagrange Multiplier test was intended to diagnose model 
misspecification due to spatial dependence and spatial heterogeneity. Four tests were conducted: 
Lagrange Multiplier lag (LMlag), Lagrange Multiplier error (LMerror), robust Lagrange 
Multiplier lag (RLMlag), and robust Lagrange Multiplier error (RLMerror). To determine which 
spatial regression model should be used, the LMlag and LMerror tests were conducted first and 
the results were compared. If neither of the tests was significant, no spatial dependency was 
present, and there was no need for model improvement. If just one of them was significant, only 
one spatial model was applied: if just the LMlag test was significant, the spatial lag regression 
was applied, and if just the LMerror test was significant, the spatial error regression was applied. 
If both tests were significant, the second step was to compare the two robust tests. If just the 
RLMlag test was significant, the spatial lag regression was applied, and if just the RLMerror test 
was significant, the spatial error regression was applied. If both robust tests were significant, the 
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model with the larger test statistic was chosen (Anselin, 1988; Anselin et al., 1996; Anselin & 
Rey, 1991; Seffrin et al., 2018). 
Hierarchical linear model (HLM) 
As discussed above, adding a local random effect helps to exclude some of the spatial correlation 
in the OLS residuals. In this analysis, a local random effect of the corresponding counties of 
Illinois was added to the final OLS model. A county is an administrative unit of a state, and 
every census tract must stay within a county. Considering the influence of administrative policy 
and the aggregation of geographic locations, census tracts of the same county were expected to 
share similar characteristics, which may contribute to the spatial dependency in the OLS 
residuals. Under these circumstances, the random effect at the county level may capture this 
similarity and reduce spatial dependency in the residuals. This mixed model is also a hierarchical 
linear model (HLM) since the tracts are nested in the corresponding counties (Liu et al., 2016; 
Torabi, 2016). The lme function of the nlme package in R was used to create the HLM model 
(Pinheiro, Bates, DebRoy, Sarkar, & R Core Team, 2018). 
Geographically weighted regression 
The GWR model (local regression model) was created using the gwr function of the spgwr 
package in R (R. Bivand & Yu, 2017). In GWR, a local regression is fitted for each census tract 
using neighboring tracts within a given bandwidth (Fotheringham et al., 2003). An adaptive 
bandwidth was applied in this study. The adaptive bandwidth kernel had different bandwidth 
values for each census tract to minimize the root mean square prediction error or AIC. The 
adaptive bandwidth has a fixed number of neighbors for the estimate of local models (Guo et al., 
2008; Ispriyanti et al., 2017; Kupfer & Farris, 2007; Robinson et al., 2013). In this study, the 
AIC was used as the criterion to select the bandwidth to find the models with the best fit. 
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Model comparison  
The spatial regression models, HLM and the GWR, were compared based on residual spatial 
dependency, model fit, and the coefficient estimates. The model with a less significant Moran 
test result was better for excluding spatial autocorrelation. The model with smaller AIC would 
have a better fit. The direction of the coefficient estimates was compared to explore how the 
models changed the interpretation of the predictors' influence.  
Results 
Moran test and Lagrange Multiplier test of spatial autocorrelation 
The Moran test of the OLS residuals had a p-value less than 0.01 (Table 4.1), which 
demonstrated significant spatial autocorrelation of the residuals. The Moran’s I value was 0.366. 
There was a positive spatial correlation between the residuals. The OLS residuals tended to 
behave in a similar way to those of its neighbors. The Lagrange Multiplier test results are 
summarized in Table 4.2. Both the LMlag test and the LMerror test were significant (p < 0.001). 
In terms of robustness, both the RLMlag and RLMerror tests were significant (p < 0.001). The 
RLMlag test statistic was larger (meaning it was more significant) than the RLMerror test 
statistic, implying that the spatial lag model may be a better choice. However, since both tests 
were significant, both the spatial lag model and the spatial error model were created for further 
comparison. 
Table 4.1. Moran test results and model fit. 
    OLS Spatial Error Spatial Lag HLM  GWR 
Model fit AIC 5586.347 4240.425 4060.634 4174.837  3121.711 
Moran test of residual Moran's I 0.366 -0.106 -0.0167 0.150  0.045 
Moran statistic 35.66 -10.171 -1.5748 14.534  4.366 





Table 4.2. Lagrange multiplier test on OLS residuals. 
 LMerr LMlag RLMerr RLMlag 
Test statistic 1241.7 1595.8 152.17 506.27 
p-value <0.001 <0.001 <0.001 <0.001 
 
Spatial error model and spatial lag model 
The estimates for the spatial error model and spatial lag model are summarized in Table 4.3. In 
the spatial error model, the influence of households with one vehicle, population working in 
AERAF, and unemployment rate was not significant. The variables distance to the nearest public 
hunting area, households without vehicles, population with a bachelor’s degree or higher, 
poverty rate, non-Hispanic African American population, and Hispanic American population 
were negatively related to hunting license sales. The median age, child-dependency ratio, 
households with ≥ 3 vehicles, and population working in AFFHM had a positive influence on 
hunting license sales. Compared to the OLS model, it is noticeable that three variables 
(households with one vehicle, population working in AERAF, and unemployment rate) were 
insignificant, and the direction of poverty rate changed. The AIC of the spatial error model was 
4240.425, which was better than that of the OLS model (5586.347; Table 4.1). The Moran test of 
the spatial error model residuals had a p-value less than 0.01, and Moran’ I value of -0.106 
(Table 4.1), which means that there was negative spatial autocorrelation in the model. However, 
the absolute values of both the Moran statistic and Moran’s I in the spatial error model were 
smaller than those in the OLS model. The spatial dependency was less significant in the spatial 
error model. The spatial error model improved the OLS both in terms of residual dependency and 
model fit.  
In the spatial lag model, two variables became insignificant: households without vehicles and 
poverty rate. The variables distance to the nearest public hunting area, population with a 
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bachelor’s degree or higher, population working in AERAF, non-Hispanic African American 
population, Hispanic American population, and unemployment rate were negatively related to 
hunting license sales. The median age, child-dependency ratio, households with one vehicle, 
households with ≥ 3 three or more vehicles, and population working in AFFHM had a positive 
influence on hunting license sales. Compared to the OLS model, the spatial lag model had two 
insignificant variables (households without vehicles and poverty rate). The significant variables 
in the spatial lag model had a similar influence on hunting license sales as those in the OLS 
model. The AIC for the spatial lag model was 4060.634, showing an improvement on the OLS 
model (5586.347; Table 4.1). The Moran test of the spatial lag model had a p-value of 0.942 
(Table 4.1). The spatial lag model excluded spatial dependency of the residuals and improved the 
model fit. 
Hierarchical linear model (HLM) 
In the HLM model, the estimates for households without vehicles and unemployment rate were 
not significant. The distance to the nearest public hunting area, population with a bachelor’s 
degree or higher, poverty rate, population working in AERAF, non-Hispanic African American 
population, and Hispanic American population had a negative influence on hunting license sales, 
whereas the median age, child-dependency ratio, households with one vehicle, households with ≥ 
3 three or more vehicles, and population working in AFFHM were positively related to hunting 
license sales. The AIC for the HLM was 4174.837. The Moran test of HLM residuals had a p-
value less than 0.01, and Moran’s I was 0.15 (Table 4.1). There was positive spatial 
autocorrelation in the residuals of the HLM. However, the Moran statistic for HLM was 14.534, 
which was smaller than that for the OLS model (35.66; Table 4.1). Spatial dependency was less 
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significant in the HLM than in the OLS model. Compared to the OLS model (AIC = 5586.347; 
Table 4.1), the HLM was also a better fit.  
Geographically weighted regression (GWR) 
As a local regression method, estimates of coefficients in GWR were not constant. Instead, each 
census tract had its own estimate. The ranges of the GWR estimates are summarized in Table 
4.3. All the coefficients had ranges crossing the origin—in some regions, they had a positive 
influence on hunting license sales, but in other regions they had a negative influence. However, 
in most of the census tracts, the distance to the nearest public hunting area, percentage of 
households without vehicles, population with a bachelor’s degree or higher, non-Hispanic 
African American population, and Hispanic American population had a negative influence on 
hunting license sales, whereas the median age, child-dependency ratio, households with ≥ 3 
vehicles, and population working in AFFHM were positively related to hunting license sales 
(Figure 4.1). The distribution of the estimates had a spatially clustered pattern, as the local 
regression was made with data from nearby census tracts (the maps of the distribution are given 
in Appendix A). 
The AIC of GWR was 3121.711, smaller than that of OLS (5586.347; Table 4.1), demonstrating 
that the GWR was a better fit. The Moran test of GWR residuals was significant (p < 0.001), 
with a Moran’s I value of 0.072 (Table 4.1). The GWR (Moran’s I = 0.072, Moran statistic = 
4.366) had a smaller Moran’s I and Moran statistic than OLS (Moran’s I = 0.366, Moran statistic 





Model comparisons  
Table 4.1 summarizes the results for model fit and the Moran test of residuals for all the models 
discussed above. GWR had the lowest AIC (best fit). Of all the global models, spatial lag 
regression had the best fit (lowest AIC). The spatial lag regression model excluded spatial 
dependency in the residuals, but spatial dependency was still evident in the residuals of the other 
models. The spatial distributions of the residuals are mapped in Figure 4.2. The spatial error 
model had negative spatial autocorrelation, whereas the GWR and HLM had positive spatial 
autocorrelation. The spatial lag regression model was selected as the best to measure the 
relationship between the variables and hunting license sales.  
In all the global models (including OLS), the distance to the nearest public hunting area, 
population with a bachelor’s degree or higher, non-Hispanic African American population, and 
Hispanic American population were negatively related to hunting license sales; median age, 
child-dependency ratio, households with ≥ 3 three or more vehicles, and population working in 
AFFHM were positively related to hunting license sales. The influences of these variables were 
relatively robust when adding a spatial term to the OLS model.  
Discussion 
This chapter discusses how to test spatial dependency in the residuals of the OLS model and how 
to reduce it. The Moran test results demonstrated the existence of spatial dependency in OLS 
residuals. Previous studies have suggested different methods to reduce spatial dependency in 
residuals, including spatial regression (spatial lag and spatial error model; (Anselin, 2013; Seffrin 
et al., 2018; Song et al., 2014), HLM (Liu et al., 2016; Torabi, 2016), and GWR (Fotheringham 
et al., 2003; Ispriyanti et al., 2017; Subedi et al., 2018). The results of this analysis showed that 
all the methods could reduce the magnitude of the Moran test statistic (i.e., reduce spatial 
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dependency of the residuals). In the spatial lag model, the spatial autocorrelation of the residuals 
was not significant, but in other models, autocorrelation was significant. Considering both model 
fit and spatial dependency of the model residuals, the spatial lag model was selected as the best 
model to describe the relationship between the selected factors and hunting license sales. The 
spatial lag model performed better than the spatial error model. This was also consistent with the 
Lagrange Multiplier test results, which showed that the RLMlag test statistic was more 
significant than the RLMerror test. The Lagrange Multiplier test is effective in selecting models 
for spatial regression. 
Including spatial terms in the regression model did change some of the model estimates. 
However, there were still some predictors that showed relatively robust behavior, i.e., the 
distance to the nearest public hunting area, population with a bachelor’s degree or higher, non-
Hispanic African American population, Hispanic American population, median age, child-
dependency ratio, households with ≥ 3 three or more vehicles, and population working in 
AFFHM. The direction of the coefficient estimates for these factors remained the same in all the 
global models. Even in the local GWR model, the direction was the same as that in the global 
models for most census tracts in Illinois. When agents promote hunting licenses at the state level 
in Illinois, these robust predictors should be given priority consideration, for they have similar 
influences on hunting license sales in most areas. For example, the distance to the nearest public 
hunting area had a negative influence on hunting license sales in all global models and most 
areas in the local model. Adding more public hunting sites may be an effective way to promote 
hunting at the state level, especially in the areas where public hunting sites are scarce. 
In addition, the GWR results also threw some light on local hunting promotion. The local 
regression helped to identify the influence of spatially non-stationary predictors. When making 
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policy or promoting hunting, these differences should be taken into consideration. For example, 
some tracts in the Chicago area and its neighboring areas had a different pattern from most of the 
other tracts in Illinois in many of the coefficient distribution maps (Figure 4.1 and Appendix A). 
Specifically, in these areas, the distance to the nearest hunting areas had a positive influence on 
hunting license sales. The percentage of households with ≥ 3 vehicles and population working in 
AFFHM had a negative influence on hunting license sales. In these areas, lower accessibility to 
hunting resources did not constrain license purchases. On the contrary, the limited opportunities 
for hunting appear to have made it more attractive to people, and they were willing to pay for it. 
The median age and child-dependency ratio had a negative influence on hunting license sales, 
and education had a positive influence. In these areas, the targeted hunting population is different 
from the state-wide hunters. Younger educated people without children tended to purchase 




Table 4.3. Coefficient estimates of all the models. 
  OLS HLM Spatial Error Spatial Lag GWR 
Variable Beta p Beta p Beta p Beta p Min Max 
(Constant) 2.0750 <0.001 2.3384 <0.001 1.5166 <0.001 0.3301 0.002 -1.1258 5.9327 
Distance to nearest public hunting 
area 
-0.0382 <0.001 -0.0212 <0.001 -0.0387 <0.001 -0.0150 <0.001 -0.1563 0.0685 
Median age 0.0199 <0.001 0.0204 <0.001 0.0249 <0.001 0.0159 <0.001 -0.0400 0.0564 
Child-dependency ratio 0.0089 <0.001 0.0075 <0.001 0.0082 <0.001 0.0043 <0.001 -0.0132 0.0257 
No vehicle -0.0060 <0.001 -0.0020 0.108 -0.0053 0.001 0.0011 0.350 -0.0286 0.0125 
One vehicle 0.0074 <0.001 0.0021 0.082 -0.0003 0.795 0.0036 0.002 -0.0323 0.0126 
3+ vehicles 0.0215 <0.001 0.0173 <0.001 0.0128 <0.001 0.0142 <0.001 -0.0354 0.0426 
Bachelor’s degree + -0.0195 <0.001 -0.0074 <0.001 -0.0086 <0.001 -0.0064 <0.001 -0.0264 0.0069 
AFFHM* 0.0057 <0.001 0.0031 <0.001 0.0013 <0.001 0.0026 <0.001 -0.0068 0.0124 
AERAF** -0.0004 <0.001 -0.0002 0.049 -0.0000 0.729 -0.0003 <0.001 -0.0017 0.0014 
Poverty rate 0.0091 <0.001 -0.0105 <0.001 -0.0043 0.004 -0.0001 0.904 -0.0320 0.0194 
Non-Hispanic African American 
population 
-0.0263 <0.001 -0.0178 <0.001 -0.0169 <0.001 -0.0105 <0.001 -0.0421 0.0003 
Hispanic American population -0.0332 <0.001 -0.0194 <0.001 -0.0179 <0.001 -0.0124 <0.001 -0.0637 0.0125 
Unemployment rate -0.0240 <0.001 -0.0003 0.895 -0.0004 0.856 -0.0084 <0.001 -0.0359 0.0304 
*AFFHM, people working in agriculture, forestry, fishing and hunting, and mining; **AERAF, people working in the arts, entertainment and recreation, and 




    
 
Figure 4.1. Spatial distribution of the geographically weighted regression coefficient estimates. Abbreviations: AFFHM, people working in 






Figure 4.2. Distribution of model residuals. Abbreviations: OLS, ordinary least squares; HLM, 









This study explored the factors influencing hunting license sales in the state of Illinois, and 
created different models for rural and urban areas. Based on previous studies, different 
socioeconomic and biophysical factors were included in a linear model. The model was 
transformed to reduce heteroscedasticity and non-normality of the model residuals. Stepwise 
regression was applied to the transformed model to select appropriate variables. Three models 
were created, one each for the entire state, rural areas only, and urban areas only.  
Ten variables were significant in all three models and eight of the ten had a similar influence on 
hunting license sales: people working in AFFHM and the child-dependency ratio had a positive 
influence on hunting license sales, whereas distance to the nearest public hunting area, 
households with no vehicle, people working in AERAF, the Hispanic American population, 
people with a bachelor’s degree or higher, and unemployment rate had a negatively influence. 
The effects of the poverty rate and households with one vehicle were significant in all three 
models. However, their behavior was different in the rural model. In the statewide and urban 
models, both variables had a positive influence on hunting license sales, but in the rural model, 
they had the opposite effect. 
The median age, non-Hispanic African American population, and households with ≥ 3 vehicles 
were only significant in the urban and statewide models. In both models, the median age and 
households with ≥ 3 vehicles had a positive influence on hunting license sales, and the non-
Hispanic African American population had a negative influence. The median income, 
households headed by single mothers, and sex ratio were significant only in the rural model. All 
three variables had a negative influence on rural hunting license sales. The old-age-dependency 
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ratio was significant only in the urban model. It was negatively associated with urban license 
sales.  
To further improve the model, the residuals in the statewide model were investigated, leading to 
the detection of spatial dependency. A spatial lag model, spatial error model, HLM, and GWR 
were applied to the statewide model to reduce spatial dependency. Spatial lag regression 
successfully removed spatial dependency of the residuals, and had the best fit of all the global 
models. Therefore, it was selected as the best model to measure the influence of the variables on 
hunting license sales.  
The study suggested some robust factors, which had a similar influence on hunting license sales 
in all the models; these included people working in AFFHM, the child-dependency ratio, 
distance to the nearest public hunting area, Hispanic American population, and people with a 
bachelor’s degree or higher. It is important to consider these variables in statewide hunting 
license promotion programs. In rural areas, hunting license promotion should target the median 
income group and married mothers. In urban areas, promotion programs should target older 
people from groups other than African American. In small local areas, the GWR result may be a 
guide to finding the target group for promotion programs. 
Moreover, the whole study procedure could be extended to other studies involving spatial data 
and regression. The procedure can be summarized as follows: 
Variable selection => linear model => diagnosis and transformation => variable selection => 
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APPENDIX A SPATIAL DISTRIBUTIONS OF THE GWR 
COEFFICIENT ESTIMATES 
 
Figure A.1 Estimates of the Distance to nearest public hunting area. In most census tracts, this variable 
had a negative influence on the hunting license sales. Only the red areas in the north central, north east, 




Figure A.2 Estimates of the Median Age. In most census tracts, this variable had a positive influence on 





Figure A.3 Estimates of the Child Dependency Ratio. In most census tracts, this variable had a positive 
influence on the hunting license sales. Only the blue areas in the central and north east areas had a 




Figure A.4 Estimates of the Percentage of Household without vehicle. In most census tracts, this variable 
had a negative influence on the hunting license sales. Only the red areas in the central and north east areas 




Figure A.5 Estimates of the Percentage of Household with one vehicle. In the northeast, central and all the 
south areas, this variable had a negative influence on the hunting license sales. The north areas (in red and 




Figure A.6 Estimates of the Percentage of Household with three or more vehicles. In most census tracts, 
this variable had a positive influence on the hunting license sales. Only the blue areas in the northeast, 




Figure A.7 Estimates of the Percentage of Population with Bachelor’s Degree or higher. In most census 
tracts, this variable had a negative influence on the hunting license sales. Only the red areas in the north 




Figure A.8 Estimates of the Percentage of Population Working in AFFHM. In most census tracts, this 
variable had a positive influence on the hunting license sales. Only the blue areas in the north east and 




Figure A.9 Estimates of the Percentage of Population Working in AERAF. In most census tracts, this 
variable had a negative influence on the hunting license sales. Only the red and orange areas in the north 




Figure A.10 Estimates of the Poverty Rate. In central areas and most north areas, this variable had a 
negative influence on the hunting license sales. In the north east, central north and south areas, this 




Figure A.11 Estimates of the Percentage of Non-Hispanic African American Population. This variable 
had a negative influence on the hunting license sales in almost all the census tracts. Only in four census 




Figure A.12 Estimates of the Percentage of Hispanic American Population. In most census tracts, this 
variable had a negative influence on the hunting license sales. Only the red areas in the central west areas 




Figure A.13 Estimates of the Unemployment Rate. In north west and central areas, this variable had a 
negative influence on the hunting license sales. In north east and south areas, this variable had positive 
influence on the license sales. 
